The statistical method in texture image analysis was applied to area extraction of biological objects from thin section electron microscope images. Four standard estimators defined from the gray level co-occurrence matrix, called 'inverse difference moment,' 'angular second moment,' 'entropy' and 'contrast,' were especially examined using a test pattern consisting of 6 artificial textures and to practical biological thin section images. In the examination on the test pattern, among the estimators the 'contrast' discriminated all textures, but differences of some texture feature levels were small. To clearly discriminate textures, a modified estimator combining 'angular second moment' and 'contrast' was devised. As a result it discriminated all better than the 'contrast.' Electron microscope images used for the image processing are yeast morphological ones showing spherical autophagic bodies in the vacuole. Although the four standard estimators discriminated many organelles, they could not exactly extract images of the autophagic body. However, the modified estimator was able to extract all autophagic bodies from the vacuole image area except for minor points, some of which were not clearly detected by man observation. It was found out that the texture analysis-based method can be used to discriminate slight differences between image textures due to spatial staining granularity.
For direct morphological measurement on micrographs it is necessary to mark certain image areas to be measured for various geometrical properties. Tracing the contour lines of biological objects in electron microscope images is also important work for serial section reconstruction, 121 and is sometimes a part of the stereophotogrammetry work. (It is an important subject for the stereo-photogrammetry in general pictures. 31 ) The image area extraction and the tracing of contour lines are basic works for morphological analysis by imaging biological objects. Manual tracing for such works may be the most reliable manner although it is tedious. Considering the current environment of advanced imaging electronics technology and computers, however, it is desirable for computer image processing to support such works.
For the image area extraction and the tracing of contour lines in transmission electron microscope images of biological specimens, binary image processings (sometimes jointly use various image filterings) and the edgetracking method 41 may be commonly used. However, it is frequently impractical to apply these methods to general biological thin section images, because of noisy granularity due to staining. Researchers, however, can extract arbitrary biological objects from the whole image area. This may be because the human eye discriminates differences of image texture based on the spatial granular distribution. There are various image processing methods for texture analysis which are described in the literature using general pictures. 45 ' Although texture analysis is one of the methods used to extract image areas, to our knowledge, few attempts have been made to apply it to biological transmission electron micrographs. Although the computer calculation for texture analysis requires much processing time, it has become almost satisfactory with advances in computer technology. An investigation of the discriminating ability of the texture analysis to biological thin section images is therefore meaningful for the advance of computer image analysis technology in this field. In this work, standard approaches in the texture analysis were studied with emphasis on biological thin section images.
TEXTURE ANALYSIS
The method of the texture analysis is principally divided into the statistical and the structural approach. For biological section images the statistical approach is appropriate because the image is in general not periodical like a crystal. In the statistical approach, there are various ways to measure the features of the texture. From results of testing the discriminating power of the various tools examined by Weszka et al.. 6) among spatial gray level dependence method (SGLDM), gray level difference method (GLDM), gray level run length method (GLRLM) and power spectrum method (PSM), the SGLDM was employed for this study because of their conclusions: SGLDM is relatively superior to other methods. Although their test images are not electron microscope images, their results may be a base for our study. This method basically depends on an evaluation of a gray level cooccurrence matrix P(i,j) which is calculated with a joint probability density function f (i,j;d,9) . f (i.j;d,9) is a probability that a gray level of a certain pixel is 'j' where this pixel is at a distance 'a" and a direction of 0 from another pixel possessing gray level 'i.' The probability /( ) is obtained by measuring this event within a certain image area (see Appendix for details). This square image area is called a 'window' in this text and, for example, one side is a few decades of pixels which is called 'window size.' The texture analysis is performed by repeating the measurement of the P(i,j) moving the 'window' pixel by pixel. For biological thin section images taken with a transmission electron microscope, the P(i,j) may represent differences of size and spatial distribution of fine staining granules. For relatively coarse granularity and short distance 'a" relative to the granule size, high values may appear near the diagonal elements of the matrix P( ), and for fine granularity and comparable distance 'a" to the granular size values may be almost equally distributed in the matrix. To evaluate this probability distribution in the matrix P( ), four standard estimators called "inverse difference moment,' 'angular second moment,' 'entropy' and 'contrast' were practically employed, which are widely used in general picture analysis. 71 These estimators are mathematically defined with the co-occurrence matrix P( ) (see Appendix), and they discriminate the image texture of each biological object in the section image.
EXAMINATION USING TEST TEXTURES
In this texture analysis, the spatial distribution of fine staining granules in a section image is mainly considered. A biological thin section image is composed of a variety of textures due to staining granules from the microscopical point of view. In this study, the following terms on the staining granularity are considered for the texture analysis: size of granules, distribution of granular interval, and contrast and sharpness of granular image. Prior to applying the image processing to electron micrographs, a simple examination with test textures was performed to get basic data on the discriminating power of the SGLDM. A test texture chart ( Fig. 1 ) was made to examine the above terms except for the size of granule. (The size term was omitted because the efficiency on that was obvious from previous works. Fig. 1 were likened to the staining granules. To make this examination clear, a pattern possessing equidistant dots arranged in a simple hexagonal grid was made as a standard (Fig. la. center) . (In practical biological thin section images, the distribution of the staining granules is not crystalline-like, but this hexagonal texture can be simply made keeping the neighboring distances are equal and, in the SGLDM, textures are statistically processed neglecting the periodic b.
f: parameters used in image processing). In other words, they are relatively sensitive to texture pattern neglecting the variation of gray level, which is also understood from the Eqs. (A-3) and (A-4). These formulas consist of only P(i.j) using no parts directly relating to gray level, such as a term (i -;) used in other estimators. Because P( ) is the probability (Z l Z j P(i,j)= 1). when we sum up all elements in the matrix P( ). if there is no weighting to each element with a coefficient relating to V and '/,' the estimator is not sensitive to the gray level variation of the same texture pattern. 'Inverse difference moment' shows similar properties to 'angular second moment' and 'entropy.' Although there is a term (/-j) 2 depending on the gray level in the denominator of the formula Eq. (A-2), this term is functionless for the following reasons. The coefficient l/[l+ (i-j) 2 ] enhances element values distributed near the diagonal in the co-occurrence matrix P{i,j), but makes those existing away from the diagonal very low. Therefore, the estimator is totally insensitive to the gray level variation. Moreover, in the case that the measurement of the gray level co-occurrence matrix is performed with a sufficiently short distance 'a" compared with the texture size, the measured values are distributed near the diagonal in the co-occurrence matrix P(i,j), and then, for those elements the coefficient l/[l+(i-/) 2 ] is about 1. Therefore, the estimator is also insensitive to the gray level variation. 'Contrast' demonstrates a property that is sensitive to variation of the gray level in contrast with the above, and all textures are separated because the weighting coefficient (i-j) 2 is effective as shown in Eq. (A-5). However, as shown in the histogram of the feature map (d) in Fig. 2 , differences of some texture feature levels are not exactly enough. And the only feature level of texture V (Fig. le) is far apart from those of other textures. To resolve this imbalance and clearly discriminate all textures with well-balanced levels, a modified estimator was newly made. As mentioned above, the 'angular second moment' is sensitive to texture pattern neglecting gray level variation, and the 'contrast' is sensitive to the gray level. Therefore, as a standard procedure, a compound feature by multiplying 'contrast' and 'angular second moment' (see Appendix for each formula) was employed as follows.
It was expected that the strong points of the 'angular second moment' and 'contrast' compensate for their respective weaknesses. (Here, although it seems to be possible to use the 'entropy' instead of the 'angular second moment,' the 'angular second moment' is more suitable because the above-mentioned property is better than the 'entropy' from the point of view of the formula shown in the Appendix.) In the same manner as that for the four standard estimators, this modified estimator was tested with the texture chart in Fig. 1 . As shown in Fig. 2e and in its histogram, all textures are discriminated with relatively well-balanced feature levels compared with the case of 'contrast' (d). Moreover, this estimator has a useful characteristic, that is, in the computed feature profile shown in Fig. 2e sharp contour edge profiles appear at some boundaries of the textures (arrow in e). As shown in Fig. 2b the computed 'angular second moment' feature value for the texture a (I) is higher than for e (V), but conversely the 'contrast' feature for a (I) is lower than for e (V) as shown in Fig. 2d . Since the computed feature by the modified estimator is made by multiplying 'angular second moment' and 'contrast,' at such boundaries sharp contour profiles appear due to the effect of squaring in the calculation. This characteristic is useful to clearly extract image areas. The modified estimator well discriminates all artificial textures, but one disadvantage is that differences of feature level between an obviously discriminable texture such as Fig. le and others are underestimated compared with the cases of 'angular second moment' and 'contrast.' In other words, the modified estimator has the ability to discriminate slight differences of textures such as Figs, la, b. c and f, but its ability to discriminate obviously different textures is inadequate. Figure 3 a is a electron microscope image which is convenient to investigate the discriminating ability of the texture-based method. This ultrathin section of the yeast cell, Saccharomyces cerevisiae, was obtained by the freeze-substitution fixation method. 91 The image shows the morphology of a vacuole in a multiple proteasedeficient cell under nitrogen-starvation (see Refs. 10) and 11) for details on the specimen preparations and the biology). Many spherical autophagic bodies (AB) appear in the vacuole (V). These textures of the bodies and the vacuole resemble each other, which is appropriate for this study. In this work, to get the spatial distribution of staining granules fine enough, photographic negative plates taken with a microscope (direct magnification x 10,000) were read at 840 DPI (about 30/an/pixel) using a commercial flatbed CCD scanner (SHARP JX-33OM). The whole cell image was memorized at 2,014 x 1,948 pixels. Since the image memory to be processed is very large, a powerful computer is needed. (In this case, an HP workstation and a Power PC Macintosh were used.) The examined parameters of 'window size' and 'a" needed for the feature measurement were (10x10) to (50x50) pixels and 1 to 5 pixels, respectively. Original images were acquired at 256 gray levels, but the number of gray levels in the measurement of P(i,j) which corresponds to the size of the matrix was 16.
EXPERIMENTAL

APPLICATION TO THIN SECTION IMAGES
The standard four estimators, 'inverse difference moment,' 'angular second moment,' 'entropy' and 'contrast,' and the modified estimator were applied to practical thin section images (Fig. 3a) . Figure 3b -f show the results of texture analysis. The measurement parameters used here are shown in the figure legends and are discussed in the Discussion section. This result is nearly the same as on the test textures. 'Angular second moment' and 'entropy' discriminate organelles such as the nucleus, nucleolus, lipids. mitochondria and vacuoles. but they only slightly discriminate the autophagic bodies as shown in Fig. 3c and 3d . Although the 'inverse difference moment' extracts the autophagic bodies better than 'angular second moment' and 'entropy,' it can not clearly extract all bodies and it misses one body (arrows in Fig. 3e and 31) . In contrast to these cases, 'contrast' discriminates many biological objects including organelles and autophagic bodies as shown in Fig. 3e . One disadvantage, however, is that 'contrast' is too sensitive to the variation of gray level. As a result, the desired objects cannot be extracted from the computed feature map based on a threshold level by simple binary processing. For example, in Fig. 3e all averaged computed feature values for every spherical autophagic body in the vacuole are not equal, so all autophagic bodies could not be extracted by simple binary processing with one threshold level. However, this disadvantage has been dissolved by the modified estimator. Figure 3f shows the applied result All autophagic bodies are more clearly extracted compared with Fig. 3e . The marked one (arrow) which is not discriminated by 'angular second moment,' 'entropy' or "inverse difference moment' is obviously detected. Some autophagic bodies (arrowheads) which are hard to discriminate by gross observation are more clearly detected though some estimators also detected. Moreover, as mentioned in Fig. 2e , the modified estimator has a useful characteristic, that is, in the computed feature image shown in Fig. 3f , edge profiles of objects are sharp contours. Because of this characteristic, autophagic bodies are clearly extracted. The modified estimator successfully extracted autophagic bodies from the vacuole image area but could not extract other organelles. As described in the section on the test textures, this estimator has the ability to discriminate slight differences between the bodies and the vacuole, but it is inferior with respect to discrimination of obvious textures such as those of the mitochondrion, nucleus and nucleolus. Because the magnitude of features computed by 'angular second moment' and 'contrast' for several textures are inversely related to each other, as shown in Fig. 3c and 3e , the modified estimator calculated as the product of their estimators cancels out the differences of these features. Therefore, if one wishes to extract all objects it is necessary to use some estimators together. Figure 4a shows an example of image area extraction by the simple thresholding of feature maps of the modified estimator (Fig. 3f) and 'angular second moment' (Fig. 3c) , and Fig. 4b is a superimposed image of the contour lines on the original image (Fig. 3a) .
DISCUSSION
In the practical application, it is very important that the resolution in image acquisition by an optical reader is sufficient If the resolution is insufficient it is difficult to measure differences of various textures due to staining granularity. The measurement parameters of the 'window size' and the distance 'd' used in the measurement of the texture features are appropriately chosen. To compute the image features, it is necessary to set a 'window size' and a distance 'd' which are needed for the measurement of the joint probability density function on the image gray level. Because within the 'window' the computer numerically calculates the feature according to each formula of the estimator, the computed feature becomes featureless in proportion to the 'window size.' Therefore, the size is related to the spatial resolution in the texture-based method. Since in these transmission electron micrographs textures are small and very fine, the distance, 'd,' must correspond to the size of the granules. In this case, the following parameters were chosen after trial and error, d=\ pixel (~3nm) and the 'window size' was 30 x 30 pixels. Variations of the computed feature map for different parameters 'd' and the 'window size' are shown in Fig. 5 . The number of gray levels in the measurement of P{i,j) which determines the size of the matrix was 16 in practical application. Although 256 levels was feasible, the problem of excessive computing time arose. The use of 16 levels was enough to judge the texture in this case.
The SGLDM was applied to the yeast thin section image, and almost all organelles were discriminated as shown in Figs. 3 and 5 . The ultrastructural analysis on the yeast autophagy resulted in the following finding: under nutrient-deficient conditions, the yeast S. cerevisiae sequesters its own cytoplasmic components into vacuoles in the form of autophagic bodies.
1011 ' The contents of the bodies were morphologically indistinguishable from the cytosol, and the density of the cytoplasmic ribosomes in the spherical bodies is almost the same as that of ribosomes in the cytosol. 1011 ' Therefore, as shown in Fig. 3 , all estimators give roughly equal feature values between the bodies and the cytosol, and also between the bodies, which is convenient to extract all the bodies. For extraction of bodies from the vacuole, it is necessary to detect the difference of texture between the bodies and Fig. 3c ) and the modified estimator (Fig. 30. the vacuolar sap. However, the textures resemble each other, because the texture of the bodies is interspersed with ribosomes and that of the vacuolar sap both give a similar sort of dot-like pattern. Thus, the 'inverse difference moment,' 'angular second moment' and 'entropy' do not clearly distinguish the bodies from the vacuole. The 'contrast,' however, more clearly discriminated them because it is sensitive to gray level variation. Here, except in Fig. 3e , the discriminability on the body indicated by the arrow (*-) is low. Even though the base gray level of the body is dark, it is not so clearly discriminated. (It is thought that the darkness is due to some kind of autophagic process.
1011) ) The 'inverse difference moment,' 'angular second moment' and 'entropy' can not discriminate it at all. This means that even if an Image texture is visually distinguishable it is not discriminated if a formula of the mathematical summation of P(i,j) including weighting calculations can not evaluate the difference of distribution of the elements in the co-occurrence matrix. It may be supposed that a case of the indicated body by the arrow corresponds to this one. As mentioned here, four standard estimators could not exactly extract all of the bodies, but the modified estimator could extract all of them. One possible explanation for this is as follows. By carefully observing the images (see Figs. 3a and 5a ), one finds a difference of textures: if the texture of the bodies interspersed with ribosomes and that of the vacuolar sap consisting of staining granules are both dot-like patterns, the sharpness of the image contrast appearing in the vacuolar sap is higher than that in the bodies. Therefore, if allowable, the image of the vacuolar sap is fitted to the texture of In other words, the blur of the texture f is detected by the 'angular second moment' which is sensitive to texture pattern, neglecting the gray level variation, and also detected by the 'contrast' sensitive to the gray level variation. As a result, these things lead to a good effect for the modified estimator. Therefore, the modified estimator is the only one that can extract all bodies.
The present results suggest that the texture-based method is a useful assistant tool for the image area extraction processing. As shown in Figs. 3 and 5, many biological objects could be extracted by using standard estimators together with the newly modified one. Of course, the extracted contour lines are not exactly equal to those traced by biologists, however, image processing tools presented here have superior discriminability compared with other methods such as binarizing methods, binarizing by jointly using various image filterings and the edge-tracking method. It is especially noteworthy that the texture-based method can extract all autophagic bodies from the vacuole image, which is impossible by any other method. These two image textures are particularly similar. Therefore, other methods could not discriminate them because they rely on the direct gray level distribution in image space (called first-order feature). The method presented here uses the secondorder feature of the image. The texture method may be useful to extract various biological image objects even if some subsidiary image processing is sometimes necessary. The binary image shown in Fig. 4a was obtained / Electron Microsc by the simple thresholding of the computed feature maps. The feature map by the modified estimator (Fig.  3f ) was used to get the contour lines of the vacuole and the autophagic bodies, and the 'angular second moment' feature map (Fig. 3c) was used for the other organelles. Because the present method makes boundaries by the simple thresholding manner and by using only two feature maps, some of the extracted contour lines may be not exactly equal to those expected by biologists. Improved contour lines, however, may be obtained by sophisticated image processings of multiple feature maps. the statistical texture analysis have been examined to a test textures and yeast thin section images, and their properties have been studied. The modified estimator, made by multiplying 'angular second moment' and 'contrast.' is the most appropriate for the extraction of the autophagic bodies from the vacuole image, however, it is not suitable for other organelles. It has been found that, because each estimator has individual properties, all organelles can be extracted by using these estimators in combination. Although some cares and modifications of the standard methods are necessary to get successful results, it was found that the texture analysis-based method is, in principal, a useful tool to image area extraction of biological objects.
